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Abstract
Coping with variations in network dosage is crucial for maintaining optimal function in gene
networks. Here we explore how network architecture facilitates network-level dosage
compensation. Using the yeast galactose network as a model, we combinatorially deleted one of
the two copies of its four regulatory genes and found that network activity was robust to the
change in network dosage. A mathematical analysis revealed that a 2-component genetic circuit
with elements of opposite regulatory sign (activator and inhibitor) constitutes a minimal
requirement for network-dosage invariance. Specific interaction topologies and a 1-to−1
interaction stoichiometry between the activating and inhibiting agents were additional essential
elements facilitating dosage invariance. This mechanism of network-dosage invariance could
represent a general design for gene network architecture in cells.
The number of copies of a gene network in a cell, or network dosage, has a direct effect on
cellular phenotypes (1). Network dosage is altered in situations such as the switching of
some organisms between haploid and diploid life forms (2), doubling of chromosomes
during cell cycle (3), genome-wide duplication of genetic content (4, 5), and global variation
(6) in gene expression. Different phenotypes have different levels of sensitivity to such
variations and the need for effective compensation mechanisms arises when cells cannot
tolerate these alterations.
It is believed that in the transition between haploid and diploid forms of life cells utilize a
volume-mediated compensation mechanism to keep the concentrations of transcription
factors constant as cell volume increases with ploidy (2). However, this mechanism cannot
subdue the effects of global expression variation and genome duplication or loss events as
they affect cellular phenotypes independently of cell volume. For example, variability in
ribosome numbers can cause significant fluctuations in global expression levels. These
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observations raise the question of whether there are alternative layers of dosage
compensation mechanisms independent of external factors such as cell volume. To what
extent would network activity be robust to alterations in network dosage if we fixed cell
volume and therefore excluded its compensatory effect? Could there be a molecular
mechanism intrinsic to the network structure that helps cells diminish the effects of dosage
variations? Despite the fundamental nature of these questions, what these mechanisms are
and how they can be implemented has remained unclear.
Using experimental and computational approaches, we investigate these questions by
utilizing the galactose signalling pathway (GAL pathway) of the yeast Saccharomyces
cerevisiae as a model system (Fig. 1A). The GAL network has a well-characterized (7)
bistable expression profile. Bistability (7–9) is a dynamical system property giving rise to
two distinct gene expression states (OFF and ON) for isogenic cells grown in the same
environment. In a bistable gene network, the fraction of cells occupying the ON-state can be
defined as the inducibility of the system and serves as a quantitative phenotypic trait. In the
GAL network, four genes (GAL2, GAL3, GAL4, and GAL80) play key roles in regulating
gene expression. The constitutively expressed Gal4p protein is a transcriptional activator
that regulates expression of the other GAL pathway genes (10). Gal80p binds (11) to this
protein and prevents Gal4p-mediated transcriptional activation. The protein Gal3p is
activated (12) by galactose molecules that are imported into the cell by the galactose
permease Gal2p. In its active form, Gal3p sequesters the Gal80p repressor to the cytoplasm,
indirectly promoting transcription (13, 14). Except the constitutive GAL4 promoter, the
activities of the different GAL pathway promoters are similar to each other (7). To quantify
the activity of the GAL pathway at the single-cell level, we used the yellow fluorescent
protein (YFP) driven by the GAL1 promoter as our reporter and measured expression
profiles at different galactose concentrations using flow cytometry (Fig. 1A–B). We
interpreted these experimental results in the context of an effective model (15).
We observed similar inducibility profiles between haploid and diploid strains that contain
the same reporter system (Fig. 2A), demonstrating that the system is invariant to ploidy
changes. To dissect how network-dosage variations affect the inducibility of the network in
the absence of volume effects, we systematically reduced the number of copies of the 4
regulatory genes in the GAL network from 2 to 1 in diploid backgrounds by using KanMX4
and NatMX4 cassettes (15), obtaining 16 different diploid yeast strains including the
hemizygous and the wild type strains that have all 4 genes at one and two copies,
respectively (15).
Halving the dosage of GAL3 dramatically reduced wild type inducibility levels whereas
halving the dosage of GAL80 made the cells need less galactose for full induction (Fig. 2B).
Varying GAL2 or GAL4 dosage levels did not have a large effect on network activity (Fig.
2C).
To comprehensively explore the degree of dosage compensation in the GAL network, we
measured the inducibility profiles of all 16 strains, grouped the measurements in 4 dosage-
perturbation orders, and compared the profiles to one another (Fig. 3A) (15). We observed
similar inducibility profiles for the fourth-order hemizygous strain and the wild type strain,
implying the presence of network-dosage invariance in the GAL network, even in the
absence of volume-mediated compensation effects (Fig. 3A–B).
To determine the relative significance of each regulatory gene in affecting the wild type
inducibility levels, we quantified the average contribution of the second copy of each gene
to inducibility (15). Fig. 3C depicts the greater importance of GAL3 as an activator and
GAL80 as an inhibitor compared to the relatively smaller contributions of GAL2 and GAL4
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to the inducibility profiles (15). These results suggest that it may be possible to build a
dosage-invariant network using only 2 components, but they do not by themselves indicate
how the wiring topology of the network components contributes to network-dosage
invariance.
To pinpoint the minimal general conditions that can facilitate dosage invariance in the
absence of volume effects, we moved away from the specific case of the GAL pathway and
analyzed generic network structures consisting of a set of genes all regulated by the same
factor (15). We first found that any network with only one component cannot be dosage
invariant. For networks with two components, dosage invariance is possible only if the
components have opposite regulatory signs (i.e., if one is an activator and the other is an
inhibitor).
To further explore how certain wiring topologies of the 2-component generic networks
would affect dosage invariance, we performed numerical investigations on the possible
network topologies and analyzed their inducibility properties. Alternative network
configurations are achieved based upon the following interaction topologies: the activator
indirectly activates transcription; the activator directly activates transcription; the inhibitor
gives up its direct-repressor role and the activator assumes a direct-activator role (Fig. 4A).
Each interaction topology is represented by a 4-parameter functional form (Fig. 4A).
We randomly sampled the parameters characterizing these forms over large ranges and fed
them into the quantitative model to obtain numerical inducibility curves corresponding to
the networks carrying one or two copies of the network genes (15). For each pair of these
numerical curves, we calculated the level of dosage invariance by quantifying the area
between the two curves, large areas corresponding to large penalties to network-dosage
invariance, and vice versa (Fig. 4B). In principle, a high degree of dosage invariance can be
observed at several different inducibility levels. For example, a biological network always
staying in its OFF state is network-dosage invariant, but it lacks the ability to respond to
signals of any kind. Thus, it is important to determine if a dosage-compensated system is
also inducible or not. We quantified the relative inducibility levels of our numerical curves
relative to a reference induction profile. Large differences from the reference curve
corresponded to large penalties to inducibility (Fig. 4B). An examination of the dot-plots
reveals that the topologies at left and right exhibit both dosage-invariance and inducibility
for a wide range of parameter sets. The specific interaction configuration in the two
networks is essential for the systems to display such behavior (Fig. 4A). However, the
choice between activator and inhibitor in directly influencing transcription is not essential,
so long as the other component regulates indirectly.
The green areas in Fig. 4B enclose the parameter sets corresponding to dosage-invariant and
inducible networks (low penalties in both axes). For each point populating these areas, we
extracted out the values of the 4 parameters (Fig. 4C–D) (15). The parameter quantifying the
nonlinearity of the interaction between the inhibiting and activating agents (α in Fig. 4C and
β in Fig. 4D) was the only one severely restricted in its values, which displayed a narrow
distribution centered around 1. Thus, the effective stoichiometry of the interaction between
the activating and inhibiting agents has to be close to 1-to−1 for a system that is both
inducible and network-dosage invariant (15).
To understand why an inducible, network-dosage invariant system requires these specific
interaction topologies and a 1-to−1 stoichiometry, consider how the system would respond
to coordinated changes in the activator and inhibitor levels. For the system in the center of
Fig. 4A, the output depends on independent contributions from the activator and inhibitor.
For compensation, the increase in the activator concentration would have to be exactly
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compensated by the downregulation effect by the inhibitor. However, given the nonlinear
effect of each component on output, compensation cannot be maintained over a large range
of input levels. The system thus fails to be both inducible and network-dosage invariant. For
the other systems analyzed, when the 1-to−1 stoichiometry condition is satisfied, an increase
in the activator concentration is compensated by an increase in the inhibitor, as the
regulation function is dependent on just the ratio of these levels (15).
The network-dosage invariant GAL system satisfies the dosage compensation requirements
identified by the minimal model: the interaction topology between its activator (GAL3) and
inhibitor (GAL80) is similar to the topology depicted in Fig. 4 (left panel). In addition, it has
been experimentally shown (16) that GAL3 and GAL80 interact with 1-to−1 stoichiometry.
These observations further validate our findings.
Using a constitutive promoter (CYC1) to eliminate the feedback regulation through the
GAL3 and GAL80 genes, earlier work (17) measured the contribution of the GAL3 and
GAL80 feedback loops to the noise in the network activity. It was found that without the
feedback regulation the activity of the GAL network became noisier compared to the wild
type network. Here, we have kept feedback regulation intact by maintaining at least one
copy of the GAL3 and GAL80 genes, and probed the effect of gene and network dosage
variations on the network activity, elucidating the contribution of network structure on
dosage compensation.
These results provide a volume-independent mechanism that is sufficient for network-
dosage invariance. The mechanism requires at least two network components: one positive
and one negative regulator. These components have to interact with a 1-to−1 effective
stoichiometry and specific topologies allowing only one of them to directly affect
transcription. Interestingly, this type of interaction topology is frequently observed (18–21)
in natural gene circuits that use sequestration-based signal transduction schemes. Robust
network properties such as network-dosage invariance might be selected over evolutionary
time scales, and network-dosage invariance could therefore represent a general design
principle for gene network architecture in cells (22–29).
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Fig. 1. The galactose utilization pathway as a model gene network and bistability as a
quantitative phenotype
(A) Gal3p* represents the galactose-bound, active form of Gal3p. The shuttling of Gal80p
between the cytoplasm and the nucleus is denoted by the bidirectional red arrows. The
dotted blue arrows show how the transcriptional feedback loops are established through
Gal2p, Gal3p, and Gal80p. (B) Histograms show the induction profile of the wild type
galactose pathway for different galactose concentrations.
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Fig. 2. Haploid-diploid comparison and measurement of the contribution of each regulatory gene
to network inducibility
(A) Fraction of ON cells as a function of galactose concentration for both diploid and
haploid strains. The solid lines are guides to the eye constructed by fitting a sigmoidal
function to the data. (B) The inducibility profile of the GAL network heterozygous in GAL3
(blue) or GAL80 (red) relative to the wild-type profile (black). (C) The inducibility profile of
the GAL network heterozygous in GAL2 (green) or GAL4 (orange) relative to the wild-type
profile (black). In both (B) and (C), the thick solid lines represent the model best fit to the 5
different inducibility profiles shown in Fig. 2B–C.
Acar et al. Page 7
Science. Author manuscript; available in PMC 2011 July 18.
N
IH
-PA Author M
anuscript
N
IH
-PA Author M
anuscript
N
IH
-PA Author M
anuscript
Fig. 3. Systematic dosage variations and network-dosage compensation
(A) The color of each filled circle represents the network inducibility level. The rectangular,
color-coded bars reflect the predictions of the model based on the best fit to the data
presented in Fig. 2B–C. The genetic background of each strain is specified by a big square at
its immediate left. The small squares represent the four regulatory genes of the GAL
network. Grey (white) color marks the presence of two (one) copies of a specific gene. A
line between two strains indicates that the two genetic backgrounds differ by a single copy
of a specific gene and the color of the line codifies that gene (blue for GAL3, red for GAL80,
green for GAL2, and orange for GAL4). (B) The similarity between the inducibility profiles
of the wild-type strain (black) and the strain containing one copy of each regulatory gene
(grey). The thick solid lines represent the model predictions. (C) Average contribution of the
second copy of each regulatory gene to network inducibility (15).
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Fig. 4. Numerical analysis of general network features producing an inducible and network-
dosage invariant system
(A) Each functional form represents the relationship between the fraction of transcriptionally
active cells and the total concentrations of the activating (a) and inhibiting (i) agents. Blue
and red circles represent activating and inhibiting agents, respectively. Dashed blue arrows
denote the transcriptional production of the network components. The green square
represents a transcriptional center. Pointing red arrows show direct activation while blunt
red arrows represent inhibition. Each configuration is described by 4 parameters: the scales
of action of the activator and inhibitor (Sa and Si respectively) and coefficients (α and β)
quantifying the typical nonlinearity of the interaction with downstream components. (B) For
each configuration depicted in (A), the degree of inducibility and network-dosage invariance
of systems are plotted on the x and y axes, respectively. The green region corresponds to
systems that are both inducible and network-dosage invariant. (C) For the left configuration
in (A), histogram of the parameter values corresponding to the green region shown in (B).
(D) As in (C) but for the right configuration shown in (A). In (C–D), the dotted lines show
what one would expect had the parameters had no effect in determining whether the system
was in the green region or not.
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